This paper serves as a response to the official assessment approach proposed by Basel Committee to identify domestic systemically important banks (D-SIBs) in China. Our analysis presents not only current levels of domestic systemic importance of individual banks but also the changes. We also consider the systemic risk of the whole banking system, by investigating how D-SIBs and non-D-SIBs are correlated before and after the recent financial crises using Copula. We find that the systemic importance of major banks is decreasing, while some banks becoming more systemically important should require tight regulations. D-SIBs as a whole subsystem display stronger correlation with non-D-SIBs than the individual D-SIBs, which alerts the regulatory to pay attention to "too-many-to-fail" problems. Contagion effects between D-SIBs and non-D-SIBs exist during the subprime crisis, but did not exist during the European debt crisis. This yields good signal of a more balanced banking system in China.
Introduction
Recent financial crises and financial contagion worldwide have brought the issue of Systemically Important Financial Institutions (SIFIs) into intense discussions [1] . Although there is no clear consensus on how systemic risk of an institution is measured, policy makers and regulators reach an agreement that identifying financial institutions whose viability is crucial for the smooth functioning of the overall financial system is essential (It is a positive definition for systemic relevance: financial institutions whose viability is crucial for the smooth functioning of the overall financial system. See [2] ).
No SIFI definitions are commonly accepted; however, policy makers generally consider institutions as systemically important that cannot exist in the market without causing major disruption to the financial system [2] . The common characteristics of SIFI are being big in size, being too connected with other institutions, lack of substitutability, and also being complex in their business. Regulators are working on a new regulatory framework to address systemic risk, under which the designated systemically important institutions are candidates for tighter supervision and additional loss absorbency requirements to ensure financial stability.
In November 2011, the Basel Committee on Banking Supervision (BCBS) finalized its assessment methodology to identify Global Systemically Important Banks (G-SIBs) and mandate them to hold additional Common Tier 1 capital (on the top of minimum capital charges of Basel III) [3, 4] . At the same time, Financial Stability Board identified an initial group of 29 banks as Global Systemically Important Banks, using the methodology developed by BCBS [5] . The list is updated annually based on new data and published by the FSB each November. In 2011 and 2012, only Bank of China in Chinese banking system is listed in the group [5, 6] . This year's new list adds Industrial and Commercial Bank of China [7] . To date, there are two banks that are based in China among the 29 Global Systematically Important Banks, reflecting the indispensable role that China plays in global financial system.
Much progress has been achieved in identification and supervision of G-SIBs; however, there is much to be done 2 Mathematical Problems in Engineering dealing with domestic systemically important banks (DSIBs), which is also indispensable. As with the definition of G-SIBs, D-SIBs would have economically significant spillover effect upon their failures and would destabilize the financial system and have a negative impact on the real economy, especially within the nation it is located in [8] . As central bank increasingly define financial stability as a key mission, it is urgent for supervisors to attach additional importance to domestic systemically important banks. D-SIBs, much alike G-SIBs in nature, but only differing in range of activities, also require tighter supervision and additional loss absorbency requirements, as with the case of G-SIBs.
In 2011, the G20 Leaders asked the Basel Committee and the Financial Stability Board to work on modalities to extend expeditiously the G-SIB framework to D-SIBs. The BSBC then released a framework and provided guidance for dealing with domestic systemically important banks [9] . Scholars and regulators in many nations and regions including Australia [3] , USA [10] [11] [12] [13] , Thailand [14] , Brazil [15] , and Hong Kong [16] explored several methods to access systemic importance or risk of individual banks, which help to identify their own D-SIBs.
China Banking Regulatory Commission (CBRC) also followed the BCBS assessment framework and proposed that size, interconnectedness, nonsubstitutability, and complexity should be considered when evaluating domestic systemic importance of banks in guidance on the implementation of the new Regulatory Standards for Chinese banking system (guidance on the implementation of the new Regulatory Standards for Chinese banking system, by CBRC. See http://www.cbrc.gov.cn/chinese/home/docView/ 20110503615014F8D9DBF4F4FFE45843249ABE00.html).
However, to date, neither the number of D-SIBs in Chinese Banking system, nor the official assessment approach has been announced. Hence, domestic systemic risk in Chinese banking system as well as its relative distributions among banks remains unexamined. As Thomson [8] argued in his report, supervisory transparency is superior to constructive ambiguity for banking regulatory purpose. Therefore, both the list of D-SIBs and the methodology of assessment including indicators used should be made public. Therefore, a practical as well as transparent method is needed.
This paper serves as a response to assessment methodology of BCBS to help identify domestic systemically important banks in China. We intend to highlight relative proportion among the banks and also the change of the results as well. Besides D-SIBs identification, we also consider the systemic risk of the whole banking system, by investigating how DSIBs and non-D-SIBs are correlated before and after the recent financial crises.
The rest of this paper proceeds as follows. Section 2 reviews some relevant works on systemic important banks. Section 3 describes our methodology and data used in the study. Besides indicator-based measurement approach and its practical modification, we also introduce Copula, a nonlinear model to investigate how the banking system is correlated before and after the recent financial crises. Section 4 presents our quantitative results of the analysis. Section 5 is devoted to concluding remarks.
Literature Review
Issue of how to measure systemic importance of banks has drawn much attention in recent literatures, as a direct response to the regulatory requirement [12, 15, [18] [19] [20] [21] [22] . Most of the widely used approaches fall into the following two categories: market-based techniques and indicator-based approach [2] .
Market-based techniques usually rely on information extracted from market prices and sophisticated financial models. Weistroffer et al. [2] distinguishes market-based techniques into two strands: in an additive manner and in a nonadditive manner. However, he leaves behind a large portion of studies that used network analysis. Therefore, according to the model structure, we classify market-based approaches into two buckets: network analysis and portfolio models.
Network analysis constructs a matrix of mutual exposures to describe the interconnectedness within the banking system [1] . With a hypothetical credit event to a specific bank, the researchers on this ground then simulate spillover from the credit event and assess the possible fallout for the rest of the system. The logic of the method is as follows: when a bank fails, it will trigger other banks' defaults resulting from their exposures (both direct and indirect) to the failing bank. Majority of the applied network literatures [15, 23] has focused on the interbank credit market due to data availability. Recently, Li et al. [24] developed a transfer entropy-based method to derive information from stock market, and determine the interbank exposure matrix when the exposure matrix data is not available.
Portfolio models were derived from measurement of risk in portfolio of security and extend to the measurement of systemic risk for a portfolio of banks [1] . The portfolio models follow two routines to measure a bank's systemic importance from different angles. "Bottom-up" approaches start with distress of a particular bank and then assess the associated system-wide distress. Conditional Value at Risk (CoVaR) is the important concept in this routine, which is defined as the value at risk of the banking system conditional on institutions in distress [10] . While "top-down" methods focused on examining the fragility of the overall banking system and required a methodology for allocating the overall risk into individual banks. Shapley Value [25] and Marginal Expected Shortfalls [12, 18, 19] are the common measures derived from "top-down" routine.
Although market-based approaches play an important role in risk supervision, shortcomings such as lack of available data and market-based indicators' instability make them less suitable as supervisory benchmarks. In contrast with marketbased approach, policy makers tend to prefer a more handon approach using the available bank-level data (but not including market assessment). Market-based measures are only used as a cross-check if possible [2] . Besides, Drehmann and Tarashev [20] proved that some simple indicators (bank size, total interbank lending and borrowing) help approximate market-based measures of systemic importance. This research built the linkage between market-based approaches and indicator-based approaches and laid an empirical foundation for regulatory authorities' adoption of indicator-based for practical purpose. Similar work can also be found in [26] .
Under indicator-based approach framework, choice of indicators and their respective weights is determined. Systemic importance of banks is then scored and ranked accordingly. The Basel Committee on Banking Supervision (BCBS) has developed an indicator-based approach for assessing systemic importance of Global Systemic Important Banks (GSIBs) [4] . Indicators of five categories are used to fully reflect a bank's systemic importance from different dimensions. The five categories are size, interconnectedness, nonsubstitutability, complexity, and cross-jurisdictional activity, with equal weight of 20%. The assessment methodology provides guidance for the countries that attempt to assess domestic systemically important banks of their own. Braemer and Gischer [3] followed the official technique and made practical modification to determine the domestic systemic risk of each bank in Australia.
To be consistent with transparent requirement, the paper is much in line with the BCBS methodology under indicatorbased measurement approach while doing modifications to suit real situations in China. While the list of D-SIBs might be obvious, we intend to highlight relative proportion among the banks as well as the change of the results. Besides using indicator-based measurement approach to identify D-SIBs, we also consider the systemic risk of the whole banking system, by investigating how D-SIBs and non-D-SIBs are correlated before and after the recent financial crises using Copula. This part of analysis also provides cross-check of the D-SIBs identification based on market-based data.
Methodology and Data

Indicator-Based Measurement
Approach. Systemic consequence of G-SIBs' failures can be dramatic but difficult to predict; therefore, Basel Committee requires G-SIBs to hold additional common Tier 1 capital on the top of Basel III standard in case of insolvency. If G-SIBs fail, they can be bailed out by the government.
To precisely identify which banks are G-SIBs, the BCBS indicator-based assessment methodology measures a bank's systemic importance from five dimensions: crossjurisdictional activity, size, interconnectedness, nonsubstitutability, and complexity [4] . All the categories have the equal weights of 20%, and total score of each bank is summed from the five categories. The multiple indicators within a category are also equally weighted. Each value of an indicator is the individual bank amount divided by the aggregate amount across all the banks in the sample. Based on the score of systemic importance, the BCBS methodology classifies the banks into four different buckets with additional loss absorbency requirements varied from 1% to 2.5% accordingly. This methodology mainly aims to capture the impact that a failure of a bank may have on the global financial system and economy.
Our methodology for D-SIBs identification in Chinese banking system is much in line with the official BCBS indicator-based approach. In general, the difference lies in the choice of financial indicators due to data availability under the five categories depicting systemic importance, and also the weights of individual indicators within a certain category. Besides, a major adjustment is that the official category "crossjurisdictional activity" is changed to "public confidence" which was called "domestic sentiment" in Braemer and Gischer's work [3] .
The categories that compose our measurement system of Chinese D-SIBs and the respective indicators within each category are presented and explained in Section 3.1.1. We describe our method based on entropy to determine the weights of indicators within each category and how to calculate the final score in Section 3.1.2.
Indicators
Size. The size of a bank is regarded as a key measure of systemic risk, as illustrated in the too-big-to-fail problem [22, 27] . In official BCBS approach, the size category is consisted of one single indicator "total exposure" of a bank, as defined in Basel III rule text [4] .
However, the indicator "total exposures" requires both on-balance items and off-balance items, which are not available to the public. We instead adopt the common and observable proxy "total asset" on the balance sheet to reflect the relative size of a bank in the sample.
Interconnectedness. Systemic risk can rise through interlinkages between the nodes in banking network system both directly and indirectly [1] . If one bank defaults, it might not able to repay its interbank liabilities; therefore, the probability of other banks' distress increase or may lead to domino effects of default contagion within the interconnected system [4, 28] .
Interconnectedness of a bank is measured by the volume of its intrafinancial system assets and intrafinancial system liabilities under the official BCBS approach, also with the wholesale funding ratio. However, in agreement with the work that identifies D-SIBs in Australia [3] , we are skeptical that retail funding enhances financial stability. Therefore, we only include "intrafinancial system assets" and "intrafinancial system liabilities" in the category (We adjust the accounts under GAAP to ensure consistency; more details are provided in Table 15 ).
Intrafinancial system assets are the sum of the following. 
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Nonsubstitutability. A bank is systemic important within the system if it is difficult for other banks to provide the similar services in case of a default [2] . The Basel Committee regards an institution that plays a dominant role in a specific business segment or as a provider of market infrastructure as systemic important. The three indicators under this category designed by BCBS are "assets under custody, " "payment cleared and settled through payment systems, " and "value of underwritten transactions in debt and equity markets" [4] .
The major role of a bank within China is to provide loans to corporates and households. A high share of the loans indicates low substitutability of the bank and will have a negative impact on economy if it is difficult to find an alternative source of funding [3] . Therefore, we include two indicators within the category "personal loans and advances" and "corporate loans and advances" (corporate loans and advances do not include discounted bills. The figures for the indicator are adjusted to ensure all the banks do not include discounted bills for consistency).
Complexity. This dimension of systemic importance is regarding to the "too-complex-to-fail" theory [29] . The logic behind the category is that more complex bank is more difficult to dissolve in case of a failure as greater costs and time are needed [4] . The official BCBS approach includes three indicators in the category "OTC derivatives notional value, " "level 3 assets, " and "held for trading and available for sale" with equal weights.
Due to absence of OTC derivative market and data availability in China, we include three indicators in the category of "complexity": "derivative financial assets, " "held for trading, " and "available for sale. " Among them, "held for trading" and "available for sale" are distinguished to ensure data consistency among the banks (if the bank reports "held for trading" and "available for sale" together in investment securities, details can be found in the note).
Public Confidence. This is the category that we did major modification on.
The official BCBS measurement approach focuses on the banks' footprints worldwide to capture their global impact. The two indicators: cross-jurisdictional claims and crossjurisdictional liabilities measure the bank's activities outside its headquarters to describe how much is the international impact from its distress or failure [4] . The idea behind the indicator is that the greater global reach of a bank, the more widespread the spillover effect from its failure.
Different from BCBS approach, our objective is to identify the systemically important banks within China rather than worldwide. Therefore, a proxy to emphasize the domestic importance of a bank should be replaced with the category. As with the last category of systemic importance proposed by Braemer and Gischer [3] , we also adopt "public confidence" to capture the public perception of the domestic impact that will be after a bank's failure. The more deposits from household of a bank are at risk, the more likely worriedness about financial instability is to spread over the whole nation. Accordingly, the bank is more likely to cause a systemic event that bank runs spread over the banking system. Hence, under the category of "public confidence, " "deposit from household" which is the sum of demand deposit and time deposit is used as the measure.
The choice of indicators relies on the assessment objective, real situation, and also data availability. We present an overview of difference and linkage between official BCBS assessment methodology for G-SIBs, measurement method for Australian D-SIBs, and our measurement approach for Chinese D-SIB in Table 1 .
One thing that should be noticed is that there exists inconsistency of accounts in financial statements among the banks. Therefore, we double check the original figures from financial statements and adjust them into a general framework of accounts under Generally Accepted Accounting Principles (GAAP) to ensure that all the indicators we use convey the same implications among the samples. Table 15 shows the main difference of accounts and the adjustments we did.
Weights and Scores.
The five categories of the indicators describe a bank's systemic importance from different distinct dimensions. As with the official BCBS approach, all the five categories will have the equal weight: 20%, under our methodology.
As for indicators within one category, all the indicators have equal weights under the official BCBS approach as well as assessment method for Australian D-SIBs. However, to emphasize the different role that each indicator plays in distinguishing banks, we proposed an entropy-based method to determine the weights. We want to design the weighting method, which puts more weights on the indicators in which the samples distribute more dispersedly. That means that if the indicator is better to differentiate the banks it should have more weights. Also, this weighting method ensures weight update every year, which captures the changing importance of the indicators.
For a category with more than one indicator, suppose each bank has its value on indicator . The entropy of indicator is defined as in the following equation:
where = ( / ∑ =1 ) and the total number of banks is . The greater difference of indicator value among the banks, the smaller entropy of the indicator. And that means that the indicator plays a more important role to differentiate the banks. Therefore, we define difference coefficient as follows to weight the indicator:
Then we do normalization as in (3) to ensure that the sum of indicators' weights within one category is 1, where indicators in total are assumed. Then the weight of indicator within the category is determined as , 
Not included
Deposits from households Deposits from households * Including designated at fair value through profit or loss. * * "Public confidence" is called "domestic sentiment" in measurement approach for Australia D-SIBs.
The score on each indicator is calculated in a way that is identical with the official BCBS approach to capture the relative systemic importance among the sample. That is to divide individual bank amount by the aggregate amount across all the banks in the sample. The score is then weighted by the indicator's weight, respectively. The final score of systemic importance comes with all the weighted scores on all the indicators (there are nine indicators under our measurement approach) added.
Copula Approach.
Besides identification of Chinese D-SIBs under the indicator-based measurement approach presented in Section 3.1, another goal of the paper is to empirically investigate whether there are contagion effects from D-SIBs to the rest of the banking system during the recent major financial crises, which will also provide ancillary evidence for the previous judgment of D-SIBs.
What are the dependence structures between D-SIBs and the rest of banks before and after the crises? Is there a tendency of strengthened distress correlations with D-SIBs after the crises? To answer these questions, the nonlinear model-Copula-provides a powerful tool for this analysis, which will be introduced in Section 3.2.1. In Section 3.2.2, we demonstrate how Clayton Copula which is asymmetric measures the lower tail dependence. Two major recent financial crises-subprime crisis and European debt crisisare used for event study.
Basic Concept of Copula.
A Copula function is a function that joins multivariate distribution functions to their one-dimensional margins; therefore, it is called a link function [30] . For given univariate marginal distribution functions 1 ( 1 ), 2 ( 2 ), . . ., ( ) of variables 1 , 2 , . . . , , the multivariate distribution function is defined as a Copula function in the following equation [17] :
Sklar [31] proved that a Copula function has the following property: If ( 1 , 2 , . . . , ) is a joint multivariate distribution function with univariate marginal distribution
If each is continuous then is unique. Hence, Copula functions provide a unifying and flexible way to study multivariate distributions [32] . In recent years, Copula functions have been widely used in financial modeling [33, 34] . Applications of Copula functions in finance range from capital allocation [35, 36] , financial markets contagion [37] [38] [39] [40] , and risk integration [41] [42] [43] to default correlations [44] .
The commonly used Copula functions are Gaussian Copula, Student's Copula ( -Copula), which are symmetric, and Archimedean family of Copulas [45] , with their definitions presented as in Table 2 .
Measurement of Contagion Effects.
To investigate the contagion effects between the banks, our focus is on the lower tail dependence. That means that we attempt to explore how much is the probability that the other banks also fall in the extremely bad situation when one bank is in its worst 
is a symmetric, positive definite matrix with diag = 1; Φ is the standardized multivariate normal distribution with correlation matrix .
T-Copula
is a symmetric, positive definite matrix with diag = 1; , is the standardized multivariate Student's distribution with degrees of freedom and correlation matrix .
Archimedean family of Copulas situation. To express the conditional probability sense in a mathematical way, we have the following equation to define the lower tail-dependence coefficient [46] :
where ( ) and ( ) are the marginal distributions of random variables and and −1 ( ) and −1 ( ) are the inverse distribution functions of and , respectively.
An equivalent definition of lower tail dependence in terms of a bivariate Copula function is given in the following equation:
Gaussian Copula and Student's Copula are symmetric in their tails, while the real world is not always the case. Archimedean family of Copulas, which is also extensively applied, does have some typical distributions, to better capture the asymmetric tail-dependence structure. Among Archimedean family of Copulas, the most popular functions are Gumbel Copula, Clayton Copula, and Frank Copula. We present bivariate distribution of the three Archimedean Copulas, as well as their generators and tail-dependence coefficients in Table 3 .
Frank Copula also has symmetric tail dependence as with Gaussian Copula and -Copula, while Gumbel Copula and Clayton Copula are more flexible to describe the different dependence structure on the tails. Clayton Copula is sensitive to the changes of lower tail dependence and provides us with a useful measure to calculate to what extent two banks correlate when they are simultaneously in extremely bad situations. Therefore, we choose Clayton Copula to model the correlations between D-SIBs and the other banks.
Our analysis splits into two parts concerning the two financial crises, respectively. The first part is about the contagion effects during the subprime crisis. And the second part is about the contagion effects during the European debt crisis.
Closing prices of every trading day for all the 16 listed commercial banks are used. Daily return rate of each bank at time is then calculated as in the following equation:
Pairs of two, one from D-SIBs and the other from the rest of the banks, are formed, respectively. Then we use Clayton Copula to model daily return correlations of the two banks both before and after the crises and estimate the parameter. We focus on the change of lower tail-dependence coefficients before and after the crises.
Besides the analysis between individual D-SIB and non-D-SIB in pairs of two, we also consider D-SIBs as a whole subsystem, to eliminate the mutual correlations among DSIBs. Then the rest of the banks are examined one by one with the D-SIB subsystem by the same procedure.
The main issue here is to construct a series of daily return rate of the D-SIB subsystem. The return rate series of the D-SIB subsystem is the weighted average of daily return rates of individual D-SIBs that are included in the subsystem, where the weights are the relative market value of these banks at the end of last year as shown in the following equation:
Note that the market value which is used as weight is the figure reported at the end of last year. That means that, to construct the weighted average series, weights are updated every year, while the series also is updated in daily frequency.
Data Description.
At the end of the year 2012, China's banking sector consisted of two policy banks and China Development Bank, 5 large commercial banks, 12 joint-stock commercial banks, 144 city commercial banks, 337 rural commercial banks, and so forth. Overall, the number of banking institutions in China's banking system amounted to 3747 [47] . 
Although the number of banking institutions is large, a small group of them dominates the entire market. Due to data availability but also the nonsubstitutable roles they play, we focus on all the 16 Table 1 are gathered from Wind database (Wind database is a widely used data service provider in China. It provides data from annual reports and footnotes from listed companies, data in report released by governments such as National Bureau of Statistics, China Banking Regulatory Commission, and also stock market prices and trading volumes from exchanges). Most of them are originally from annual financial statements and their notes of the 16 listed commercial banks while some items are from the regulatory agency-CBRC. We also double check them with the original sources.
For Copula approach for modeling the dependence structure, we prepare daily closing prices of the 16 listed banks during the identical time period, as well as the market values at the end of each year. They are also available in Wind database.
Quantitative Results
Systemic Importance Distribution and
Changes. This part presents our analysis for the systemic importance of all the banks covered in the sample, using the indicator-based measurement approach. While the list of D-SIBs might be obvious, we intend to highlight the relative distribution of systemic importance, as well as the change of the results during the years.
Our quantitative calculation of systemic importance in the Chinese banking system validates the public perception. Due to the final scores, the 16 listed commercial banks perform differently from the five dimensions of systemic importance.
We firstly present the current levels of systemic risk in the Chinese banking system using the end-2012 figures. As Table 4 shows, the "Big Four" major banks ("Big Four" major banks include Industrial and Commercial Bank of China (ICBC), Agricultural Bank of China (ABC), Bank of China (BOC), and China Construction Bank (CCB)), or "Big Five" major banks ("Big Five" major banks are the same as 5 large commercial banks, which include Industrial and Commercial Bank of China (ICBC), Agricultural Bank of China (ABC), Bank of China (BOC), China Construction Bank (CCB), and Bank of Communications (BOCOM)) (which is called large commercial banks under CBRC regulation) process high systemic impact on the banking system. The "Big Four" take 67.1% and the "Big Five" account for 73% systemic importance of the total system. Our result demonstrates that the biggest systemic risk originates from Industrial and Commercial Bank of China (ICBC) with 20% of the system, with Bank of China (BOC) followed with 16.8%. Also in 2011, BOC followed ICBC and ranked number 2 in domestic systemic importance in Chinese banking sector (see Table 16 ). However, ICBC has not been in the list of global systemic important banks until this year. It is BOC that remains in the list for three years. That means global systemic importance does not equal domestic systemic importance. It is the range systemic importance covers that matter.
We can also find that, BOC is smallest in "Size" and "Public Confidence" measured by deposit from households among the "Big Four" banks, which may result from its branches being in limited number. However, due to its highest score in "interconnectedness" and "complexity" category, it still demonstrated itself as the second systemically important bank within the nation, over Agricultural Bank of China (ABC) and China Construction Bank (CCB). Therefore, it is important to note the "Size" category. Although commonly utilized and may closely relate to other categories, it is still not an adequate proxy of systemic risk, as it cannot detect such disparities. "Too-complex-to-fail" is as important as "too-bigto-fail" problem as the phenomenon suggests. Another bank to note is BOCOM. Although we note "Big Five" major banks, and put BOCOM together with "Big Four" major banks, a large difference between BOCOM and "Big Four" major banks can be observed both in total scores and scores within categories. CCB, which ranks the last in 2012 final score among the "Big Four" major banks, is almost 2.5 times systemic important of BOCOM, although the gaps in "complexity" and "interconnectedness" categories are not that large. BOCOM also has no overlaps in scores with other jointstock commercial banks in the years, seemingly independent of that system. Therefore, we argue that it is not so fair if we put BOCOM into the same bucket as "Big Four" banks and mandate it to hold the identical additional capital. Although, it is a natural member of D-SIBs since its impact is more than a little, different bucket from "Big Four" major banks should be considered.
Among the rest, we can observe that city commercial banks such as Bank of Beijing, Bank of Ningbo, and Bank of Nanjing have hardly any systemic relevance with total score under 1.5%. Some joint-stock commercial banks show little domestic systemic importance accounting for less than 2% of the total, such as Shenzhen Development Bank and Huaxia Bank.
Some other joint-stock commercial banks, however, are much closer to the smallest major bank-Bank of Communications-in their final scores in 2012, which shows the trend to be included in the potential candidates list of D-SIBs. Hence, we suggest that the impact of those banks such as Industrial Bank Corporation (IBC), China Merchants Bank (CMB), and China Minsheng Banking Corporation (CMBC) cannot be neglected. We will also address the issue later regarding to the changes of systemic importance over time.
When we observe the scores in categories of the three banks, an interesting finding is the high rankings of IBC and CMBC in the category of "interconnectedness. " IBC, which is characterized with its interbank activities, accounts for more than 10% systemic importance in the category, ranking the third place. CMBC also lists before BOCOM, one of "Big Five" in the same category. These findings once again validated that "Size" only is not adequate to capture systemic importance. At least IBC and CMBC expose themselves too much to the banking system, not consistent with their rankings in the final, which should alert the regulators to tighten their interbank activities.
We demonstrate the final scores of domestic systemic importance over the five-year period in Table 5 . The banks are ranked according to the final scores of year 2012.
Focusing on the "Big Four" or "Big Five" major banks, the time series displayed in Figure 1 reveals important information about the levels as well as the changes of domestic systemic importance yearly in the Chinese banking system.
We can find that although the major banks (no matter BOCOM is included or not) still dominate the systemic importance at a high level their domestic systemic importance keeps decreasing sharply during the five years.
The decreasing trend of systemic importance of major banks means domestic systemic importance is distributed among the system more evenly, rather than concentrated on a small group that the regulatory always keeps an eye on. This gives the authorities the implications that more banks with growing systemic importance should also be noticed; otherwise it will be too late to regulate if they become too domestic systemic important. Figure 2 shows the levels and the changes of domestic systemic importance of joint-stock commercial banks whose final scores are all above 0.02 in the five years.
As for these potential candidates to be included in DSIBs, we suggest that Industrial Bank Corporation, China Merchants Bank, and China Minsheng Banking Corporation should be considered. They are ranking just after the "Big Five" major banks with scores very close to BOCOM in the year 2012.
In addition, IBC's and CMBC's domestic systemic importance demonstrates a tendency of growing over the five years, which are quite different in ways of change from other joint-stock banks as Shanghai Pudong Development Bank (SPDB), China Citic Bank (CITIC), and China Everbright Bank (CEBB), although they were in an almost identical level of systemic importance. Further, IBC and CMBC present significant impacts on the whole banking system from the aspects of "interconnectedness" in 2012, ranking the third and sixth.
As for CMB, it always demonstrates itself as potential systemic important for accounting for around 4% of the banking system, significantly higher than the rest joint-stock commercial banks. Therefore, we suggest IBC, CMBC, and CMB to be included in the list of Chinese D-SIBs, while SPDB, CITIC, and CEBB remain in the watch list.
We also follow the official BCBS approach to classify the banks into buckets with additional capital charge while the tentative thresholds differ. According to our suggestions, "Big Four" major banks should be in the top level of the buckets with maximum additional capital requirement, while BOCOM follows behind in the next level. In the current state, besides "Big Five" major banks, the natural members of DSIBs, potential candidates such as IBC, CMBC, and CMB should also be included, which may provide an incentive to encourage them not to become more systemically important. As for these banks with more than little systemic importance, but not to a degree of potential systemically important, such as SPDB, CITIC, and CEBB, we suggest that the regulatory should also watch their status dynamically. Therefore, a watch list is also recommended. To summarize, the list to be included in each bucket of D-SIBs is then presented as in Table 6 .
Contagion Effects during Financial Crises.
In this part, we present our calculation results for return correlations between D-SIBs and non-D-SIBs under Copula approach. Changes of lower tail dependence structure before and after both the subprime crisis and the European debt crisis are investigated, respectively, as described previously. Japan, Hong Kong, Taiwan, and other relevant authorities were taking measures to ease monetary policy and inject capital to the banks. We set the date that this subprime crisis begins to influence the Chinese banking system as October 9, 2008. One year before the date is the precrisis period, while one year after the date is the postcrisis period. To make it more specific, we present the details of time spans in Table 7 .
Contagion Effects during
At that time, ABC and CEBB were not publicly traded, so there were no daily closing prices available for the two banks. Hence, our analysis in this part omits the two banks.
In 2008 and 2009, the "Big Five" accounted for almost 80% systemic importance of the banking system. Our analysis will view "Big Five" (without ABC) as a whole D-SIBs subsystem since other banks' relevance was still limited compared with that under the current state. We use Clayton Copula to model the daily return correlations between D-SIBs and non-D-SIBs in pairs of two as described in Section 3.2.2. To make the process clearer, we take Bank of China (BOC), a supposed D-SIB, and Shanghai Pudong Development Bank (SPDB), one of the rest of the banks, as example to illustrate.
Firstly, for the period before the subprime crisis, we estimate the marginal distributions of daily return for both BOC and SPDB, as Figures 3, 4 , 5, and 6 show. Nonparameter methods-both empirical distribution estimation method and kernel smoothing estimation method-are used. Then, we use Clayton Copula to model the joint distribution of daily return rates of BOC and SPDB. Figures 7 and 8 depict the Clayton Copula cumulative distribution function and probability density function, respectively. Parameter to determine the Copula function is estimated 1.3039; therefore, we calculate the lower tail-dependence coefficient lo = 2 −1/ = 0.5877.
Similarly, as with the case after the period after the subprime crisis, we also estimate the marginal distributions of daily return rates for both the banks and use Clayton Copula to model the joint distribution. Parameter is estimated 1.7794, and therefore lower tail-dependence coefficient is lo = 2 −1/ = 0.6774.
By comparing the lower tail-dependence coefficients before and after the crisis, we find that the correlation between BOC and SPDB strengthened after the crisis under their bad situations. Lower tail-dependence coefficients before and after the subprime crisis are calculated. We present the results in Tables  8 and 9 . The rows are non-D-SIBs while the columns are DSIBs and the subsystem of D-SIBs.
In general, we can observe high correlations between DSIBs and non-D-SIBs in their lower tail both before and after the subprime crisis, with most of the coefficients above 0.6. This demonstrates that the individual banks have large probability to fall into the bad situations at the same time, reflecting a huge systemic risk in a whole within the banking system.
Correlations of non-DIBs with ICBC seem lower than these with BOC and CCB, especially after the subprime crisis. This may be due to ICBC's lower scores in "interconnectedness" and "complexity" categories than the two banks in 2008 and 2009. Although ICBC is largest in total assets and deposits from households, the result tends to show that ICBC demonstrates limited impact to other non-D-SIBs from the aspects of "interconnectedness" and "complexity", which is consistent with its scores in the two categories. D-SIBs as a whole subsystem displays stronger correlations with non-D-SIBs than the individual D-SIBs in their lower tails, which reflects that the aggregate impacts of DSIBs have more widespread impacts than the individuals. This seems to give the authority the implication that "too-manyto-fail" problems are more important to note than individual "too-big-to-fail" or "too-complex-to-fail" problems.
When considering the changes of lower tail-dependence coefficients before and after the subprime crisis, we calculate the percentage change rate by the following equation:
percentage change = lo after lo before − 1. We present the percentage change during the subprime crisis in Table 10 . The percentage changes below zero, which means the lower tail correlations weaken during the crisis, are presented in light face font, while the percentages above zero, which demonstrates the strengthened lower tail correlations, are presented in bold font.
In Table 10 , we can observe strengthened tail correlations of non-D-SIBs with D-SIBs after subprime crisis in general. When D-SIBs are viewed as a whole, all the non-D-SIBs saw a significant enhanced dependence with it in lower tails, only with exceptions for BBJ and SDB. This is the evidence that there actually existed contagion effects from D-SIBs subsystem to the rest of banking system during this financial crisis. B a n k o f C h in a S h a n g h a i P u d o n g D e v e lo p m e n t B a n k c(BOC, SPDB) Figure 8 : Clayton Copula probability density function (presubprime).
As for BBJ and SDB, which seem not to be affected by D-SIBs, the reason may be that both of them have their major activities in a certain region (Beijing and Shenzhen, in this case), while connections with D-SIBs members are limited. In addition, SDB has weakened relations with almost all the D-SIBs. This may be caused by economy characteristics of Shenzhen, where SDB primarily operates its business. Shenzhen relies heavily on exports; therefore, SDB may be affected by foreign banks abroad rather D-SIBs at home during the crisis.
As with the static analysis for ICBC both before and after the subprime crisis, ICBC also shows not much contagion effects to non-D-SIBs with 60% of the percentage change of lower tail-dependence coefficients below zero. We continue to argue that, in spite of large size and public confidence, ICBC cannot influence non-D-SIBs to the extent as it ranks in the D-SIBs list, due to its relative loose interconnectedness and low complexity as well. Therefore, it seems that, in a systemic event, Therefore, it seems that, it is not only large banks that contribute much to a systemic risk, but banks with high interconnectedness and complexity may also have significant systemic impacts.
Contagion Effects during European Debt Crisis.
The contagion effects analysis during European debt crisis follows much similar routine as the analysis of the subprime crisis, while only the time spans and members of D-SIBs and non-D-SIBs differ. On April 27, 2010, Standard & Poor's cut Greece main debt rating to BB+ ("junk" status), which increased concerns that the default would occur. Although the impact was not directly related to the banking system, China's export to the Europe grew in a decreasing rate, which yielded a negative impact on the real economy. In August, 2011, the month-to-month growth rate of Chinese exports to EU had decreased to −2.6%, much lower than the average rate of 5% since 2000. We set the date that European debt crisis start its effects on Chinese banking sector as September 1, 2011. Similar with the case in the subprime crisis, one year before the date is the precrisis period, while one year after the date is the postcrisis period, as presented in Table 11 .
Time period covered in this part spans from September 1, 2010 to September 4, 2012. The first 244 trading days compose the precrisis period, while the rest 244 trading days are the postcrisis period. As the time covers three quarters of 2012, we consider both narrow range and wider range of D-SIBs as analyzed in Section 3.1. The narrow range of D-SIBs is "Big Five" major banks, while the wider range also includes IBC, CMB, and CMBC which are listed in Bucket C in our proposal. Then we notate them as "Big Five" (Big 5) and "Big Eight" (Big 8), respectively, to view them as two D-SIBs subsystems as a whole. In general, the lower tail-dependence coefficients between non-D-SIBs and D-SIBs are mostly above 0.5, which still implies possibility of entire banking system's distress. But the lower tail-dependence coefficients are not as high as those during the subprime crisis, which shows decreasing impacts of D-SIBs.
Correlations in tails of non-DIBs with ICBC are also lower than other major banks, especially ABC and BOC, as with the case during the subprime crisis, again emphasizing the importance of "interconnectedness" and "complexity. " Similar finding is that D-SIBs as a whole demonstrates stronger correlations with non-D-SIBs than the individual D-SIBs. Moreover, the "Big 8" subsystem exhibits closer dependence under extreme conditions than "Big 5" with non-D-SIBs. These findings imply that the total influence of larger D-SIBs subsystem has more domestic reaches within the banking system. Therefore, the regulators should not only focus on individual D-SIBs, but also regard the D-SIBs as a whole to avoid "too-many-to-fail" problems.
We also present the percentage change during the European debt crisis in Table 14 . The figures below zero, which implies weaken correlations during the crisis are presented in light face font, while those above zero are in bold font.
In Table 14 , by and large, we can observe weakened lower tail correlations of non-D-SIBs with D-SIBs after the European debt crisis. The subsystems, both "Big 5" and "Big 8, " witness a significant reduced dependence with all the non-D-SIBs in lower tails, only except for SPDB. Moreover, non-D-SIBs also decrease their lower tail correlations with most of the individual D-SIBs.
All the above findings seem to suggest that there are no obvious contagion effects from D-SIBs to the rest of the banks during the European debt crisis. In our point of view, there may be several reasons contributing to this. Firstly, the European debt crisis originated from public sector rather than financial market itself as the case of the subprime crisis, so through indirect channels its impacts on the whole Chinese banking system were limited. Secondly, the period covers 
Concluding Remarks
This paper serves as a response to the official BCBS assessment method to determine domestic systemically important banks in China. Our indicator-based measurement approach is much in line with the official BCBS assessment method, while the choice of indicators, as well as method to determine weights within category, is modified to suit real situations in China. While the list of D-SIBs may be obvious, our analysis not only presents current levels of domestic systemic importance, but also displays the trend as time passes.
We find that although still in a high level, the systemic importance of "Big Five" major banks is decreasing during these years. Meanwhile, some joint-stock commercial banks are becoming more systemically important. We suggest that a bucket of Industrial Bank Corporation, China Merchants Bank, and China Minsheng Banking Corporation should be added to the list of D-SIBs under current state, while Shanghai Pudong Development Bank, China Citic Bank, and China Everbright Bank should be included in the watch list for further investigation.
In addition to analysis for individual banks, we also consider the systemic risk issue of the whole banking system. We attempt to investigate how the banks correlate between D-SIBs and non-D-SIBs before and after the recent financial crises using nonlinear approach-Copula in the paper. Our findings of lower correlations between ICBC and non-DSIBs verify that although commonly applied, size only is still not an adequate proxy of systemic risk. "Interconnectedness" and "complexity" play important roles in systemic event in the whole banking system. This market-based approach also provides a cross-check of indicator-based measurement for D-SIBs identification. For banks that are included in the D-SIBs list or watch list, they should be better to check with their overall scores as well as the scores in the five categories every now and then. Special attention should be paid to "interconnectedness" and "complexity", to avoid exposing too much to the banking system. Too frequent interbank activities and too much involvement in derivatives trading that are not for hedging purpose should be carefully examined and avoided if possible.
When viewed as an entire system, D-SIBs display stronger correlations with non-D-SIBs than the individuals, reflecting that the aggregate impacts of D-SIBs have more widespread impacts than the individuals. This gives the regulatory the implications that group sense should be established rather than focusing on the banks individually, in order to avoid "too-many-to-fail" problem. Possible practical proposal of limiting the interbank activities is urgent and essential, to avoid the D-SIBs subsystem becoming too concentrated.
We also find that, during the subprime crisis, D-SIBs actually have contagion effects upon non-D-SIBs, while, during the European debt, no significant contagion effects are observed. Major banks are reducing their systemic relevance, while other banks are depicting themselves more independently. It is promising to foresee that Chinese banking system will be more balanced, with reduced dominant power of major banks, and growing tendency of other banks.
